Cancer Tissue Heterogeneity is an important consideration in cancer research as it can give insights into the causes and progression of cancer. It is known to play a signi cant role in cancer cell survival, growth and metastasis. Determining the compositional breakup of a heterogeneous cancer tissue can also help address the therapeutic challenges posed by heterogeneity.
INTRODUCTION
Cancer tissue heterogeneity is a very important aspect in cancer research. It is a phenomena observed in almost all kinds of cancers and poses challenges in e ective therapy design as stated in [2] . It is a cause of acquired drug resistance. In addition, a treatment approach mentioned in [1] requires close monitoring of the ratio of subpopulations of a heterogeneous cancer tissue. Hence determining the composition of heterogeneous cancer tissue is crucial.
Permission to make digital or hard copies of part or all of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for pro t or commercial advantage and that copies bear this notice and the full citation on the rst page. Copyrights for third-party components of this work must be honored. ere was an accurate but high cost optical approach suggested in [5] to determine the composition of a heterogeneous cancer tissue by making cell-by-cell red, green and blue uorescence measurements. In the proposed algorithm, we aim to reduce the cost of this optical approach by determining heterogeneity using low cost and simple ensemble optical observations. For a setup like in [5] , this would be the addition of red, green and blue intensities due to all the cells in the heterogeneous mixture. To achieve this, we extend the methods based on gene expression pro les suggested in [3] , [4] so that the ensemble optical measurements can be used instead of gene expression measurements to determine the compositional breakup of the tissue under observation. e proposed algorithm requires the expensive cell-by-cell observation of individual subpopulations only once and can then be used to determine the composition of any number of heterogeneous cancer tissues composed of those subpopulations.
ALGORITHM
Let us assume that we need to study heterogeneous cancer tissues composed of a given set of n di erent cell lines. Let there be m di erent quantitatively measured a ributes. ese a ributes are chosen such that they are independent and the di erent cell lines have dissimilar a ribute pro les. e rst step of the algorithm is to pro le each of these n cell lines individually by making cell-by-cell observations for them. To do this, we measure the value of the m a ributes for individual cells of a particular cell line. We do this separately for all the n di erent cell lines. From these observations, we estimate the sample mean,μ i j , and sample standard deviation, σ i j , of the j t h a ribute of i t h cell line for 1 ≤ i ≤ n and 1 ≤ j ≤ m. is is the expensive one time procedure. An important consideration here is that the experiment setup should remain consistent for the next step of the algorithm too. Hence a proper protocol for experimentation is important. e next step of the algorithm analyses a given heterogeneous cancer tissue. Assume the true composition of the tissue is given by N = (N 1 , N 2 , . . . , N n ) where N i represents the number of cells 4th International Workshop on Computational Network Biology: Modeling, Analysis, and Control (CNB-MAC) ACM-BCB'17, August 20-23, 2017, Boston, MA, USA of i th cell line present in the tissue. N is not known and needs to be estimated. In this step, we measure the ensemble a ribute value of the m a ributes for the given heterogeneous cancer tissue which is a low cost process. e ensemble measurements are assumed to be arising from the summation of the a ributes of individual cells in the mixture. Note that the a ribute values of individual cells are not observed. Let the vector of observed ensemble a ributes be E sum . e objective of the algorithm is to take E sum ,μ i j and σ i j as inputs and give an accurate estimate of N as the output. e algorithm is independent of the distribution of a ribute values of cell lines. e estimate of N is represented byN . e algorithm requires the di erent a ributes to be independent and assumes that the contribution of di erent cells from a particular cell line in the ensemble observation are identically distributed. In addition, we assume that the cells do not interact with each other. With these assumptions we use the Central Limit eorem to estimate the likelihood of N for the observed E sum and given µ and σ presented in Equation 1 .
where E sumj is the j t h component of E sum vector. Maximizing this likelihood is di cult to solve analytically. Hence, we use a Bayesian approach to estimate N . We assume a uniform prior for all the components of N i . Evaluating the posterior directly from the expression is infeasible. To address this issue, we use the Metropolis algorithm to draw samples from the posterior distribution followed by Kernel Density Estimation to estimate the distribution from the drawn samples. e output of the algorithm,N , is the maximum a posteriori probability (MAP) estimate of N .
RESULTS
e performance of the algorithm is evaluated for synthetic data and experimental data. For synthetic data, the analysis is done for a two cell and two a ribute system to demonstrate the performance of the algorithm for varying parameters like similarity of a ribute pro le for the two cell lines and standard deviation of a ributes. Here, we present the result to demonstrate the e ect of similarity of a ribute pro le on the con dence interval of posterior probability measure. We demonstrate the algorithm by generating samples from an exponential distribution with mean µ 11 = µ 22 = 100 and µ 21 = µ 12 = kµ 11 , where k controls the similarity of the a ribute pro les. We generate 2000 samples for both the cell lines to perform the pro ling of a ributes. en, we simulate the heterogeneous cancer tissue composed of 2000 cells of Cell Type 1 and 3000 cells of Cell Type 2 and generate the ensemble observation for the same.
e posterior probability is presented in Figure 1 . e algorithm is also evaluated for experimental data where mixtures of three cell lines HCT116, A2058 and SW480 were used to simulate a heterogeneous cancer tissue. We use red, green and blue uorescence as a ributes. Due to factors such as multiplication of cells at di erent rates in the time between mixing and imaging, inaccuracy of the mixing equipment and the imaging process not capturing the true ratio, we compare the results of the algorithm (N ens ) with the results obtained from [5] (N cbc ) instead of the ratio that they were originally mixed in. ese results are mentioned in Table 1 . We observe that there are inaccuracies in the estimation of number of cells of SW480 cell line. To understand the discrepancy we looked at the cell-by-cell data for the mixture too and the reason is determined to be a di erence in the mean of blue a ribute in the a ribute pro ling experiment and the mixture experiment.
is algorithm can estimate the composition of a heterogeneous cancer tissue which can have a big impact in cancer therapy design.
